The default mode network is functionally and structurally disrupted in amnestic mild cognitive impairment — a bimodal MEG–DTI study by Garcés, Pilar et al.
NeuroImage: Clinical 6 (2014) 214–221
Contents lists available at ScienceDirect
NeuroImage: Clinical
j ourna l homepage: www.e lsev ie r .com/ locate /yn ic lThe Default Mode Network is functionally and structurally disrupted in
amnestic mild cognitive impairment — A bimodal MEG–DTI studyPilar Garcésa,b,*, José Ángel Pineda-Pardoa, Leonides Canueta, Sara Aurtenetxea,c, Maria Eugenia Lópeza,c,
AlbertoMarcosd,Miguel Yuse,Marcos Llanero-Luquef, Francisco del-Pozoa,Miguel Sanchob, FernandoMaestúa,c
aLaboratory of Cognitive and Computational Neuroscience (UCM–UPM), Centre for Biomedical Technology, Pozuelo de Alarcón, Madrid 28223, Spain
bDepartment of Applied Physics III, Faculty of Physics, Complutense University of Madrid, Madrid 28040, Spain
cDepartment of Basic Psychology II, Faculty of Psychology, Complutense University of Madrid, Madrid 28223, Spain
dNeurology Department, Hospital Clínico San Carlos, Madrid 28040, Spain
eRadiology Department, Hospital Clínico San Carlos, Madrid 28040, Spain
fCentre for Prevention of Cognitive Impairment, Madrid 28006, Spain* Corresponding author at: Laboratory of Cognitive an
(UCM-UPM), Centre for Biomedical Technology (CTB),
Pozuelo de Alarcón, Madrid 28223, Spain.
E-mail addresses: pilar.garces@ctb.upm.es (P. Garcés),
(J. Ángel Pineda-Pardo), leonides.canuet@ctb.upm.es (L. C
sara.aurtenetxe@ctb.upm.es (S. Aurtenetxe), meugenia.lo
amarcosdolado@gmail.com (A. Marcos), miguel_yus@yah
mllanero@gmail.com (M. Llanero-Luque), francisco.delpo
msancho@ucm.es (M. Sancho), fernando.maestu@ctb.upm
http://dx.doi.org/10.1016/j.nicl.2014.09.004
2213-1582/© 2014 The Authors. Published by Elsevier Inca b s t r a c ta r t i c l e i n f oArticle history:
Received 6 August 2014
Received in revised form 27 August 2014
Accepted 5 September 2014
Available online 10 September 2014
Keywords:
Default mode network
Mild cognitive impairment
Magnetoencephalography
Functional connectivity
Alpha band
Structural connectivity
Diffusion tensor imaging
TractographyOver the past years, several studies on Mild Cognitive Impairment (MCI) and Alzheimer3s disease (AD) have re-
ported Default Mode Network (DMN) deﬁcits. This network is attracting increasing interest in the AD communi-
ty, as it seems to play an important role in cognitive functioning and in beta amyloid deposition. Attention has
been particularly drawn to how different DMN regions are connected using functional or structural connectivity.
To this end, most studies have used functional Magnetic Resonance Imaging (fMRI), Positron Emission Tomogra-
phy (PET) or Diffusion Tensor Imaging (DTI). In this study we evaluated (1) functional connectivity from resting
state magnetoencephalography (MEG) and (2) structural connectivity from DTI in 26 MCI patients and 31 age-
matched controls. Compared to controls, the DMN in the MCI group was functionally disrupted in the alpha
band, while no differences were found for delta, theta, beta and gamma frequency bands. In addition, structural
disconnection could be assessed through a decreased fractional anisotropy along tracts connecting different DMN
regions. This suggests that the DMN functional and anatomical disconnection could represent a core feature of
MCI.
© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
Mild Cognitive Impairment (MCI) is a clinical condition that is often
seen as an intermediate stage between normal aging and Alzheimer3s
disease (AD). MCI patients show a cognitive decline that is not severe
enough to be classiﬁed as dementia. However, they have a higher con-
version rate to dementia than their age-matched controls, particularly
of the Alzheimer type (10–15% annually for MCIs versus 1–4% for con-
trols) (Petersen and Negash, 2008; Petersen, 2001). Over the past few
years a lot of attention has been given to this MCI stage, as a deeper un-
derstanding of its pathological basis could help understand or delay AD.d Computational Neuroscience
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. This is an open access article underThe pathophysiology of AD involves the Default Mode Network
(DMN). This network was ﬁrst introduced in Raichle et al. (2001). and
has garnered increasing attention from the neuroscience and neurology
communities ever since (for a review, see Rosazza and Minati, 2011). It
is highly active during an idle state, it deactivates during task perfor-
mance, and it includes brain regions such as the precuneus, posterior
and anterior cingulate, and the inferior parietal cortex (Buckner et al.,
2008; Greicius et al., 2003; Raichle and Snyder, 2007). The precuneus
and posterior cingulate cortex have been found to be relevant in AD as
they show decreased metabolic activity (Matsuda, 2001) and accumu-
late beta-amyloid plaques at an early stage in the disease (Mintun
et al., 2006). DMN alterations such as decreased activity and connectiv-
ity have been reported in AD andMCI (Agosta et al., 2012; Greicius et al.,
2004; Jones et al., 2011; Qi et al., 2010; Rombouts et al., 2005; Sorg et al.,
2007). Furthermore, these alterations were found to be related to the
severity of the disease and its progression (Brier et al., 2012; Petrella
et al., 2011).
To date, functional Magnetic Resonance Imaging (fMRI) is the most
widespread technique used to explore the DMN in MCI or AD. Blood-
oxygenation-level-dependent (BOLD) fMRI signals measure hemody-
namic responses to neuronal activity with great spatial resolution andthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
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the DMN. Other imaging modalities can also provide insight into DMN
integrity in MCI: structural MRI reveals brain atrophy; Diffusion Tensor
Imaging (DTI) reconstructs white matter tracts; Positron Emission To-
mography (PET) detects metabolic activity or beta-amyloid plaques
and magnetoencephalography/electroencephalography (MEG/EEG)
measures magnetic/electric ﬁelds generated by neural currents. Based
on this fact, researchers have combined fMRI (often controlling for
brain atrophywith T1-weighted structuralMRI) with other neuroimag-
ing modalities such as PET (Hedden et al., 2009; Sheline et al., 2010;
Sperling et al., 2009) and DTI (Wee et al., 2012), or DTI with PET
(Bozoki et al., 2012) to investigate DMN functional and structural con-
nectivity impairment in AD and MCI.
While fMRI and PET give an indirect estimation of neural activity,
EEG andMEG are directmeasures of neural ﬁring. Therefore, these neu-
rophysiological techniques enable us to gain a better understanding of
the time–frequency dynamics of the DMN, providing us with useful in-
formation as to how its regions are connected at different frequency
bands. Complementary structural information about DMN connectivity
is given by DTI, as it enables the modeling of the white matter connec-
tions that support the network. Using this technique, we can compute
direct or weighted structural connectivity measures that estimate the
number of tracts connecting two regions and the integrity of anatomical
connections, respectively. However, thus far, the combination of MEG
and DTI has not been used to unravel DMN abnormalities in MCI. In
this study, we investigated the DMN in MCI patients compared to age-
matched controls using resting-state MEG and DTI data to extract both
functional and structural networks. The purpose of the study was to de-
termine the functional connections that were altered in MCI relative to
controls at different frequency bands, and how this relates to the under-
lying structural network. For that, source spaceMEG functional connec-
tivity (FC) was computed and two different structural connectivity (SC)
measures were used to evaluate whether the amount of tracts or their
integrity inﬂuences the organization of the functional networks. Our ini-
tial hypothesis is that both functional and structural connectionswill be
signiﬁcantly impaired inMCI patients and therewill be a strong correla-
tion between functional and structural connectivity abnormalities.
2. Materials and methods
2.1. Subjects
This study included 26 patients with a diagnosis of amnestic-MCI
and 31 age-matched controls. MCI patients were diagnosed by clinical
experts. Criteria for MCI included: (1) memory complaint conﬁrmed
by an informant, (2) normal cognitive function, (3) none or minimal
impairment in activities of daily life, (4) abnormal memory function,
and (5) not being sufﬁciently impaired to meet the criteria for
dementia (Grundman et al., 2004). Table 1 summarizes the subject3s
characteristics.
Additionally, all participants were in good health and had no history
of psychiatric or other neurological disorders (other than MCI). They
underwent anMRI brain scan to rule out infection, infarction or focal le-
sions. Meeting any of the following conditionswas considered an exclu-
sion criterion: Hachinski score (Rosen et al., 1980) higher than 4,
Geriatric Depression Scale score (Yesavage et al., 1982–1983) higherTable 1
Subject characteristics. Data are given as mean ± standard deviation. M = males,
F= females, educational levelwas grouped intoﬁve levels: 1: illiterate, 2: primary studies,
3: elemental studies, 4: high school studies, 5: university studies. MMSE = Mini mental
state examination score. Controls andMCIs differed inMMSE (p=0.0012) and education-
al level (p = 0.03), and did not differ in age (p = 0.39) or sex (p = 0.44).
n Age (years) Sex (F/M) MMSE Educational level
Control 31 70.8 ± 4.2 21/10 29.5 ± 0.7 3.5 ± 1.2
MCI 26 72.5 ± 6.7 15/11 27.7 ± 2.4 2.8 ± 1.3than 14, chronic use of anxiolytics, neuroleptics, narcotics, anticonvul-
sants, or sedative–hypnotics or a history of alcoholism. MCI patients
underwentmedical tests to rule out possible causes of cognitive decline
such as B12 vitamin deﬁciency, thyroid problems, syphilis, or HIV. The
investigation was approved by the local Ethics Committee.
2.2. MEG acquisition
Three-minute MEG resting-state recordings were acquired at
the Center for Biomedical Technology (Madrid, Spain) using an
Elekta Vectorview system with 306 sensors (102 magnetometers and
204 planar gradiometers), inside a magnetically shielded room
(Vacuumschmelze GmbH, Hanau, Germany). During the measure-
ments, subjects satwith their eyes closed andwere instructed to remain
calm andmove as little as possible. A Fastrak Polhemus system digitized
each subject3s head and four coils were attached to the forehead and
mastoids, so that the head position with respect to the MEG helmet
was continuously determined. Activity in electrooculogram channels
was also recorded to keep track of ocular artifacts.
Signals were sampled at 1000 Hz with an online ﬁlter of bandwidth
0.1–300 Hz. Maxﬁlter software (version 2.2, Elekta Neuromag) was
used to remove external noisewith the temporal extension of the signal
space separation (tsss) method with movement compensation (Taulu
and Simola, 2006).
2.3. MRI acquisition
3D T1 weighted anatomical brain MRI scans were collected with a
General Electric 1.5 T magnetic resonance scanner, using a high-
resolution antenna and a homogenization PURE ﬁlter (Fast Spoiled Gra-
dient Echo (FSPGR) sequence with parameters: TR/TE/TI = 11.2/4.2/
450 ms; ﬂip angle 12°; 1 mm slice thickness, a 256 × 256 matrix and
FOV 25 cm). For MEG source analysis, the reference system of the T1
volumes was transformed manually using 3 ﬁducial points and head
shape, until a good match between MEG and T1 coordinates was
reached. Diffusion weighted images (DWI) were acquired with a
single shot echo planar imaging sequence with the following parame-
ters: TE/TR 96.1/12,000 ms; NEX 3 for increasing the SNR; 2.4 mm
slice thickness, 128 × 128matrix and 30.7 cm FOV yielding an isotropic
voxel of 2.4 mm; 1 image with no diffusion sensitization (i.e., T2-
weighted b0 images) and 25 DWI (b= 900 s/mm2).
2.4. Deﬁnition of the Regions of Interest
For this bimodal connectivity analysis, we deﬁned Regions of Inter-
est (ROIs) in the individual3s structural T1 volume using the Freesurfer
(version 5.1.0) cortical parcellation in 66 regions (Desikan et al.,
2006), such as in Hagmann et al. (2008) andHoney et al. (2009).We se-
lected four ROIs per hemisphere, which are the most common brain
structures included in the DMN (Buckner et al., 2008; Greicius et al.,
2003; Raichle and Snyder, 2007): precuneus (lPr and rPr), anterior cin-
gulate (lAC and rAC), posterior cingulate (lPC and rPC) and inferior pa-
rietal (lIP and rIP).
2.5. MEG functional connectivity (FC)
MEG preprocessing and source reconstructionwere performedwith
FieldTrip software (Oostenveld et al., 2011).
2.5.1. MEG source reconstruction
First, ocular, jump andmuscular artifactswere identiﬁed and located
in the 3 minute resting state recordings. Then, the continuous resting
time-series were segmented into artifact-free segments of 4 s. All sub-
jects had a minimum of 16 artifact-free segments (control: (27.5 ±
5.9), MCI: (27.2 ± 6.1)). Data was ﬁltered in the 1–45 Hz band for spec-
tral analysis and in delta (2–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), low
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and for the functional connectivity analysis. To do so while avoiding
edge effects, the continuous 3minute data was ﬁrst ﬁlteredwith a ﬁnite
impulse response ﬁlter of order 1000, and then the artifact-free seg-
ments were extracted for further analysis.
Source locations were deﬁned in the subject3s space using the corti-
cal segmentation produced by Freesurfer. A regularmesh of points with
1 cm spacing was created inside each ROI. The number of source loca-
tions depended on individual3s data (control: (124 ± 14), MCI:
(118 ± 15)). The forward model was solved with a realistic single-
shell model (Nolte, 2003).
Source reconstruction was performed with Linearly Constrained
Minimum Variance beamformer (Van Veen et al., 1997) separately for
each frequency band. For each subject, the average covariance matrix
over all trials was used to compute the spatial ﬁlter3s coefﬁcients,
and then these coefﬁcients were applied to individual trials, ob-
taining a time series per segment and source location. To avoid mixing
MEG sensors with different sensitivities or resorting to scaling,
only magnetometers were used for this source reconstruction step.
We must note, however, that gradiometer information is indirectly
present as both magnetometers and gradiometers were used in the
tsss ﬁltering.
2.5.2. Preliminary power spectrum analysis
The goal of thisworkwas to study functional connectivity in classical
frequency bands, deﬁned with ﬁxed frequency limits (see Subsection
2.5.1). Prior to that, we tested if power spectrum was altered in the
MCI sample in these frequency bands. Power spectra were obtained
from the time series via amultitapermethodwith discrete prolate sphe-
roidal sequences as tapers and 1 Hz smoothing for frequencies between
2 and 45 Hz, with a 0.25 Hz step. The average spectra over trials was
used and normalized with the sum of the spectral power in the range
[2–45] Hz. Then, an average power spectrum per ROI and subject was
obtained. Power was averaged per frequency band andMann–Whitney
tests were performed to compare power values between controls and
MCIs. Alpha peaks were computed as in Garcés et al. (2013) to evaluate
a possible slowing of the spectra.
2.5.3. Functional connectivity
Functional connectivity (FC) was obtained from the source recon-
struction with the amplitude correlation method (Brookes et al.,
2011a). For this, the amplitude of the bandpass ﬁltered time series
was extracted with Hilbert transforms and correlation coefﬁcients be-
tween the amplitude of all source locations were computed. Then, con-
nectivity values were averaged over links connecting the same ROIs,
producing an average 8 × 8 connectivity matrix per subject. Additional-
ly, we calculated the correlation between beamformer weights in both
groups in order to have an estimate of volume conduction.
2.6. Structural connectivity (SC)
Diffusion weighted images were pre-processed with FMRIB3s Diffu-
sion Toolbox (FDT) (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FslOverview/).
Pre-processing consisted of eddy-current correction, motion correction
and removal of non-brain tissue using the robust Brain Extraction Tool
(Smith, 2002).
Diffusion Toolkit (DTK — http://www.trackvis.org) was used to ﬁt
the diffusion tensor model. We used tensorline tractography (Lazar
et al., 2003) to estimate the ﬁber tracts between the selected ROIs. Stop-
ping criteria for the streamline propagation were a maximum angle of
35° between consecutive steps and a lower threshold of fractional an-
isotropy of 0.2 (Johansen-Berg et al., 2004). A streamline was consid-
ered a connection between two ROIs if it entered at least one voxel of
each ROI. We then computed two different SC estimates: direct SC
(dSC) and weighted SC (wSC). dSC was deﬁned as the number of
streamlines connecting a given pair of ROIs and represents the numberof tracts that connect two ROIs. wSC is weighted with fractional anisot-
ropy (FA) and evaluates the integrity of the structural connection:
wSC ¼ 1N∑
N
n¼1
1
Vn
∑Vnv¼1 FAn;v
where N= dSC is the number of streamlines connecting a pair of ROIs,
v = 1…Vn is the set of voxels that are crossed by a given streamline n
and FAn,v is the fractional anisotropy in the voxel v of the streamline n.
2.7. Statistical analysis
To examine the differences between controls and MCIs in spectral
power and functional or structural connectivity we used non-
parametricMann–Whitney tests. In all cases, in order to correct formul-
tiple comparisons we followed a permutation approach which was in-
troduced by Maris and Oostenveld (2007). First, the original values
were 2000 times randomly assigned to the original groups (controls
and MCIs) and a Mann–Whitney test was performed for each random-
ization. Then, theU-value original datasetwas compared to the ones ob-
tained with the randomized data. The ﬁnal p-value was deﬁned as the
proportion of permutations with U-values higher than the one in the
original data.
3. Results
3.1. MEG power spectrum
Preliminary spectral analyses were carried out to determine wheth-
er power spectrum was altered in MCI. MCIs tended to have higher
spectral power in the theta band, and lower power in the beta and
gamma bands, but no signiﬁcant differences were obtained. Alpha
peak frequency was lower for MCIs than for controls in all ROIs, al-
though differences were only signiﬁcant for the inferior parietal cortex
bilaterally (p b 0.05).
3.2. Functional connectivity
MEG FC networks differed signiﬁcantly between controls and MCIs
in the alpha band, while no differences were found for the delta, theta,
beta and gamma bands. Table 2 contains the p-values of the statistical
analysis for each link and frequency band. In the alpha band, functional
connectivity was lower in theMCI group, especially in links including Pr
and IP, as displayed in Fig. 1. To determine whether volume conduction
could be causing these differences, we calculated the correlation be-
tween beamforming weights, which is an estimate of source leakage.
If two source locations have similar weights (or a high correlation be-
tween their weights), the reconstructed time series would be highly
correlated. In the opposite case, if two source locations have a low
weight correlation but the corresponding reconstructed time series
are correlated, it is unlikely that the high correlation results from vol-
ume conduction. Beamformer weights did not differ between controls
and MCIs in any frequency band, whichmakes it unlikely that the func-
tional connectivity differences were caused by volume conduction.
3.3. Structural connectivity
Streamlines connecting all ROIs were reconstructed with tensorline
tractography, yielding a dSC measure. Thousands of streamlines were
found between most ROIs (on average over all links and subjects,
dSC = 4413 ± 5594 tracts, given as mean ± std). Higher dSC values
(~104) were obtained between pairs of neighboring regions (such as
lPr–rPr, lAC–rAC or lPC–rPC). Conversely, lower dSC values were
found (~102) for some long distance connections such as AC–Pr
and AC–IP. Small amounts of reconstructed tracts, especially in long
connections, can be caused by the inherent limitations of the DTI and
tractography techniques: ﬁber crossing, fanning or kissing impair the
Table 2
Functional and structural connectivity differences between controls andMCIs. p-Values are indicated for each link, after correction formultiple comparisons. Signiﬁcant p-values (p b 0.05)
are shown inbold. All signiﬁcant differences corresponded toMCI b control. For structural connectivity, n.i. indicates that this linkwas not included in the statistical analysis (Pr: precuneus,
IP: inferior parietal, PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).
Link Functional connectivity Structural connectivity
Delta Theta Alpha Low beta High beta Gamma
lPr–rPr 0.32 0.40 0.24 0.29 0.24 0.34 0.06
lPr–lPC 0.18 0.19 0.15 0.12 0.55 0.20 0.10
lPr–rPC 0.73 0.56 0.78 0.37 0.35 0.55 0.005
lPr–lIP 0.44 0.32 0.004 0.46 0.42 0.65 0.13
lPr–rIP 0.26 0.87 0.012 0.19 0.74 0.54 0.024
lPr–lAC 0.68 0.46 0.014 0.97 0.34 0.35 0.26
lPr–rAC 0.68 0.69 0.08 0.82 0.77 0.72 n.i.
rPr–lPC 0.23 0.23 0.15 0.09 0.16 0.08 0.052
rPr–rPC 0.99 0.96 0.47 0.85 0.85 0.82 0.15
rPr–lIP 0.87 0.77 0.003 0.06 0.29 0.29 0.014
rPr–rIP 0.09 0.21 0.002 0.08 0.72 0.65 0.072
rPr–lAC 0.18 0.71 0.008 0.68 0.60 0.18 n.i.
rPr–rAC 0.82 0.35 0.29 0.25 0.59 0.12 0.17
lPC–rPC 0.75 0.43 0.73 0.29 0.42 0.59 0.007
lPC–lIP 0.30 0.61 0.45 0.78 0.78 0.93 0.008
lPC–rIP 0.90 0.99 0.004 0.12 0.89 0.87 0.029
lPC–lAC 0.17 0.42 0.30 0.92 0.22 0.89 0.49
lPC–rAC 0.71 0.59 0.07 0.85 0.23 0.25 n.i.
rPC–lIP 0.36 0.51 0.34 0.13 0.38 0.97 0.002
rPC–rIP 0.88 0.83 0.09 0.19 0.79 0.89 0.041
rPC–lAC 0.27 0.22 0.003 0.84 0.38 0.13 n.i.
rPC–rAC 0.52 0.97 0.38 0.85 0.41 0.82 0.75
lIP–rIP 0.83 0.58 0.009 0.21 0.32 0.85 0.11
lIP–lAC 0.54 0.55 0.40 0.27 1.00 0.85 n.i.
lIP–rAC 0.60 0.51 0.93 0.29 0.87 0.78 n.i.
rIP–lAC 0.84 0.72 0.06 0.97 0.85 0.08 n.i.
rIP–rAC 0.30 0.26 0.50 0.67 0.65 0.38 n.i.
lAC–rAC 0.79 0.74 0.94 0.98 0.94 0.94 0.031
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ROIswere not included in the statistical analysis if, for at least three sub-
jects, less than 100 streamlineswere reconstructed (dSC b 100). Follow-
ing this criterion, the following 8 linkswere removed from the statistical
analysis: lAC–lIP, lAC–rIP, rAC–lIP, rAC–rIP, lAC–rPr, rAC–lPr, lAC–rPC
and rAC–lPC. For the remaining links, we compared dSC and wSC (the
mean fractional anisotropy along the reconstructed tracts) between
controls and MCIs. No differences were found for dSC (p b 0.05). How-
ever, wSC was signiﬁcantly lower in the MCI group than in the controlFig. 1. Functional connectivity: differences between controls and MCIs in the alpha band.
Green links display connectionswith a signiﬁcant decrease inMEG functional connectivity
in the MCI group (p b 0.05). ROIs are represented as circles (Pr: precuneus, IP: inferior pa-
rietal, PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).group (p b 0.05), especially in links involving IP and PC, as displayed
in Fig. 2. p-Values for each link are included in Table 2.
3.4. Correlation between FC and SC
To determine the relationship between FC and SC,we examinedhow
FC values changed with dSC and wSC for all links and subjects with
Spearman correlations, as shown in Fig. 3. All links between ROIs with
dSC N 100were used for analyses. FC and dSCwere positively correlatedFig. 2. Structural connectivity: differences between controls andMCIs. Green links display
connections with a signiﬁcant decrease in weighted structural connectivity (wSC) in the
MCI group (p b 0.05). ROIs are represented as circles (Pr: precuneus, IP: inferior parietal,
PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).
Fig. 3. Relation between structural and functional connectivity. Functional connectivity (FC) as a function of structural connectivity (SC) for all subjects and pairs of ROIs, separately for
controls andMCIs (in the left and right columns respectively). The dependencewith the direct SC (dSC) is shown in the top row, and the dependencewith fractional anisotropyweighted
SC (wSC) is shown in the bottom row. The Spearman correlation coefﬁcient between FC and SC is plotted along in each case.
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high values of FC corresponded with high dSC values. FC and wSC were
not signiﬁcantly correlated for MCIs (r = 0.03, p = 0.48) or controls
(r = –0.01, p = 0.84). For both dSC and wSC, the dependency pattern
was similar for controls and MCIs.
4. Discussion
In this study, we examined FC and SCwithin the DMN in a sample of
MCI patients and healthy elderly subjects. FC derived from MEG source
space reconstruction of resting state data, and SC was extracted from
tensorline tractographyofDTI images. Threemainﬁndingswere obtain-
ed. Firstly, the DMNwas functionally disrupted in theMCI group, specif-
ically in the alpha band, as shown by a decreased FC relative to controls.
Secondly, the DMN was also structurally damaged in the MCI group, as
indicated by a reduction in fractional anisotropy along the reconstruct-
ed white matter pathways connecting DMN regions. Lastly, FC and dSC
measures were related, while no signiﬁcant correlation was obtained
for wSC.
The overall results are in line with some previous studies in MCI.
Functional disruption of the DMN in MCI has already been reported in
fMRI experiments (Agosta et al., 2012; Sorg et al., 2007). Recent reports
indicate that lower FC values relate to a worse performance in cognitive
tests, a higher conversion rate from MCI to AD (Binnewijzend et al.,
2012) or to AD progression (Damoiseaux et al., 2012). Thus, FC appears
to offer valuable information in the MCI–AD continuum. Using fMRI,
Sambataro et al. (2010) observed that FC in the DMN decreased with
age along with task performance in a sample of healthy young and old
subjects.
Our MEG ﬁndings conﬁrm and extend the notion that the DMN is
functionally impaired inMCI, and show that this connectivity disruption
occurs speciﬁcally in the alpha frequency band, while no differences
were found in delta, theta, beta or gamma frequency bands. Alpha
band alterations are in fact well-known in MCI and they have beenshown to relate for instance to the stability of the clinical condition
(Babiloni et al., 2011) or amygdalo–hippocampal atrophy (Moretti
et al., 2009). Additionally, the alpha band seems to be themost relevant
frequency band in the DMN, even in healthy subjects. For instance,
Brookes et al. (2011b) performed an independent component analysis
to extract resting state networks from MEG data, and achieved a great
similarity for the DMN between fMRI and MEG data ﬁltered in the
alpha band. Knyazev et al. (2011) identiﬁed the DMN exclusively in
the alpha band using EEG activity during rest and during the perfor-
mance of a cognitive task, and Mayhew et al. (2013) demonstrated an
interaction between alpha power and fMRI responses in the DMN. For
this study, this could imply that the coupling between DMN regions is
impaired in MCI in its main working rhythm (alpha), while their con-
nectivity remains unaffected for the other frequency bands.
With regard to SC, anatomical disconnection or loss of white matter
integrity (often assessed through fractional anisotropy) has been re-
peatedly observed in MCI, especially in cingulum ﬁbers (Bozoki et al.,
2012; Kiuchi et al., 2009). These white matter abnormalities have
been considered relevant, as they have been associated with perfor-
mance in neuropsychological tests (Fellgiebel et al., 2005) or conversion
rate to AD (Fu et al., 2014).We also noted that differences between con-
trols and MCIs in SC were only signiﬁcant for wSC but not for dSC. This
indicates that SC disruption of the DMN in MCI may be mainly attribut-
ed to an abnormal structural integrity of tracts rather than to a reduction
of the number of streamlines connecting DMN regions. Therefore, frac-
tional anisotropy along reconstructed tracts appears to have a higher
sensibility to detect this disruption than the dSC index.
We observed that dSC correlated positively with FC, while no signif-
icant correlation was found for wSC and FC. This suggests that the FC
measure is more dependent on the amount of tracts connecting two
ROIs than on the integrity or FA of these tracts. Other studies had also
found positive correlations between SC and fMRI FC in the DMN
(Honey et al., 2009; Khalsa et al., 2013), although this is to our knowl-
edge the ﬁrst study that combines MEG FC and SC in MCI patients.
219P. Garcés et al. / NeuroImage: Clinical 6 (2014) 214–221Additionally, we found that the topographic pattern of network disrup-
tion inMCIwas similar for FC and SC. FC and SCwere reduced inMCI pa-
tients in the posterior part of the DMN, particularly affecting links
connecting IP with Pr or PC. While FC between the anterior cingulate
and the posterior part of the DMN was reduced in MCI, no differences
could be seen with SC, although this may be attributed to limitations
in the tractography technique (Jbabdi and Johansen-Berg, 2011; Jones
et al., 2013).
The exact physiological mechanisms that underlie functional and
structural disconnections are unknown. However, some bimodal PIB-
PET–fMRI studies have provided an insight into the matter: reduced
functional connectivity seems to relate to amyloid-β in healthy controls
and AD patients (Hedden et al., 2009; Sheline et al., 2010; Sperling et al.,
2009). Similar ﬁndings have been obtained in transgenic mice with an
optical intrinsic signal imaging technique (Bero et al., 2012). The
present MEG study provides additional information to this functional
disruption seen in MCI: it is strongest in the alpha band. Interestingly,
alpha rhythms are especially sensitive to the number of active synapses
and ﬁring rate in cortical and thalamic neuronal populations
(Bhattacharya et al., 2011; Hindriks and van Putten, 2013), and
amyloid-β deposition has been shown to contribute to synaptic loss in
AD (Bate and Williams, 2011; Reddy and Beal, 2008). With regard to
the structural white matter abnormalities, although they are often at-
tributed to Wallerian degeneration (Bozzali, 2002), some studies point
out that amyloid-β deposition could be involved as well (Serra et al.,
2010).
It is important to note that this study is subjected to some method-
ological and experimental limitations. Firstly, quantifying FC from rest-
ing state MEG data is not trivial. Here, we used beamforming for source
space reconstruction and amplitude correlation as an FC metric. This
amplitude correlation algorithm has a clear drawback: it is sensitive to
volume conduction. Other methods such as Phase Lag Index (Stam
et al., 2007) overcome this problem since they are not affected by
zero-phase lag interactions. However, they have the disadvantage of
discarding true zero-phase lag interactions. Given that the amplitude
correlation method has been proven to be suitable for reproducing
fMRI networks (Brookes et al., 2011a), we chose this method to assess
FCwithin the DMNnetwork: the DMNwas in fact discovered andmain-
ly explored in the fMRI community. However, taking into account that
volume conduction could contaminate this FC metric, we used the
weight correlation as an estimate of volume conduction to ensure that
differences between groups were not caused by this factor. Secondly,
quantifying structural connectivity is also a delicate task: tractography
techniques are prone to errors, especially when ﬁbers cross, kiss or
bend (Jbabdi and Johansen-Berg, 2011; Jones et al., 2013). Long distance
connections tend to be biased due to error accumulation and are there-
fore difﬁcult to evaluate. Thus, we decided not to include connections
with a small amount of reconstructed ﬁbers into the statistical analysis.
Thirdly, we employed anatomically deﬁned ROIs to study the DMN.We
relied on the literature and selected 8 ROIs that are commonly included
in the DMN, and thereby assumed that these ROIs really form the DMN
in our sample. However, it would be interesting to explore the spatial
extent of the DMN in an MCI sample with MEG at different frequency
bands, possibly with an independent component analysis (Brookes
et al., 2011b; Luckhoo et al., 2012) or combining resting state with
task activity (Petrella et al., 2011; Wang et al., 2013).
5. Conclusions
In conclusion, we studied functional and structural connectivity in
the DMN in a sample of MCI patients and healthy controls using resting
state MEG and DTI. When compared with the control group, the DMN
was functionally disrupted in MCI subjects in the alpha band and also
structurally disconnected, as indicated by a reduction in fractional an-
isotropy in the tracts connecting different DMN regions. The correla-
tions between these two approaches (functional and structural) couldindicate that they are dependent and it highlights the importance of
white matter integrity in the early stages of the disease. These ﬁndings
are in agreement with previous fMRI and DTI experiments and indicate
that MEG is sensitive to early functional connectivity abnormalities that
occur in MCI disease. Thus, cognitive symptoms could be the conse-
quence of an early disruption of structural and functional connections
and this would support the idea that a progressive disconnection
accompanies AD. Future studies with bigger samples and clinical
follow-up would be needed to conﬁrm these results and assess their
clinical impact. Additionally, the introduction of classiﬁers at the indi-
vidual level would contribute to evaluate the usefulness of structural
and functional connectivity in the DMNas a potential biomarker of MCI.
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